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Abstract—Prosumer consortium in a local group can be one of 
the solutions for energy costs, increasing performance and 
supplying university with improved electrification with 
distributed power generations. This research study 
demonstrates the simulation of blockchain based power trading 
with the supplement of solar power prediction with MLFF 
neural network training in two prosumer nodes. It can be the 
forefront to implement a market model with distributed 
generations based decentralized blockchain system in a 
university grid system which can balance the electricity demand 
and supply within the institute market, secure and rapid 
transaction, moreover, the local market system can be 
reinforced by forecasting solar generation. The performance of 
the MLFF training to predict the   Because of it, prosumer 
bodies can do decision making before trading as for their 
benefit. 
Index Terms—Artificial intelligence, blockchain, energy trading, 
MLFF, prosumer consortium, solar prediction. 
I. INTRODUCTION 
Considering of rising demand for electricity and 
greenhouse gas (GHG) emissions, countries around the world 
are setting objectives for reducing GHG emissions, enhancing 
electricity quality and increasing renewable energy 
production. Consequently, distributed generation (DG) 
technologies have been extended that will provide effective 
renewable electricity across local power grids [1], however, a 
sufficient impact of penetration of renewable energy will be 
the primary energy supply. The market could be volatile 
frequently and so as the different energy sources. Community 
grids are being discussed in the literature and are being used 
for implementing the current power generation and the trading 
system currently. Asian Institute of Technology (AIT) in 
Thailand has committed and operational captive generation 
units and having the peak loads during the daytime with the 
academic and administrative sections accounting for the 
consumption, it appears as a good customer for solar-based 
power production. The residential systems, if equipped with 
solar power, can generate power during the day and supply the 
same to the other sections of AIT or the power grid and get 
compensated with electricity at night, providing opportunities 
at incentives as well as avoiding the need for storage. 
Numerous such options can be evaluated if AIT can be viewed 
as a community level micro or macro-grid, feasible provided a 
proper market model featuring consumers, producers and 
prosumers are employed and a proper trading mechanism is 
implemented. The idea of a community grid is well associated 
with existing energy policies. A grid facilitates the integration 
of energy storage systems (ESS) and renewable energy 
sources (RES) at the usage level, intending to increase the 
quality, reliability and performance. AIT can be considered as 
local grid which is especially campus microgrid or community 
grid. It can be called as AIT Grid. The AIT Grid is 
conventionally connected with 22 kVA grid from Pathum 
Thani Provincial Electricity Authority (PEA). The radical type 
of electrical power distribution system is applied in the 
campus distribution system. Generally, it comprises 15 
substations and 92 main nodes, which do not include the 
several quantities of loads for each node, under the substations 
according to the last updated period. The electrical power 
distribution system at AIT is integrated with DERs, which are 
rooftop solar power generation systems, generator and EV 
stations. This research study has developed a blockchain and 
AI based power trading in prosumer consortium model. The 
simulation of prosumer consortium model from the existing 
power distribution system of Asian Institute of Technology 
had elaborated with the scheme of blockchain-based power 
trading body with the demonstration of the trading based on 
the real data of the prosumer bodies. An artificial neural 
network which is Multi-layer Feed Forward (MLFF) was 
executed to forecast the solar PV power generation of 
prosumer bodies by one day ahead. Moreover, short-term 
prediction of solar generation on the day of the energy trading 
for both bodies was applied. 
  
A. Prosumer Model and Blockchain 
Conventional electricity operation system becomes 
unsuited with the upgrading market behaviour. Therefore, new 
market models are now conducted in not only in research but 
practice in the competitive market. In which, the market can 
be generally distinguished into (1) centralized electricity 
market and (2) decentralized electricity market. The power 
trading deal may be intraday or future ahead trading focused 
on the opening of the market, anonymity in asset valuation 
and no credit risk at all. Consortium blockchains, on the other 
hand, are distributed on various hardware operated by separate 
owners in a decentralized way.  
The energy market has undergone major reforms to 
globalization and innovation in the past decade to increase 
economic performance. These developments have culminated 
in the introduction of a bulk power system in many countries. 
The complexity of a community grid depends on the set of 
small independent business players and a partnership that 
involves all of the supply-side and market agencies. Its 
operation depends either on the end consumer, supplier, DSO 
and generation sources or the operator of independent power 
producer. As for now, the market of microgrid or community 
grid can be generally distinguished into prosumer consortium, 
free market and monopoly market.  
Prosumer consortium market model is concerned with 
either environment where there is sufficient renewable sources 
or surge electricity market. Single or multiple consumers will 
operate its microsource to decrease the energy price and 
increase the profit of the sales within the community. DSO 
actively controls microgrid operations only by implementing 
criteria and charges on the microsource owners. The size of 
renewable generations and storage system is usually smaller in 
a prosumer consortium grid system and dispersed. Market 
cash flow in the prosumer consortium model is mentioned in 
Fig 1. It indicates the trading of electricity within the grid 
system and the wholesale market. 
 
Figure 1.  Local financial flow of prosumer consortium market model. 
Community grid has a decentralized power network that 
consists of integrated green and conventional energy sources, 
and storage in smart buildings with energy management 
systems. Though the local consumers are connected with main 
electricity grid, it has the ability to produce and use their 
power generation. The circumstances allow the development 
of integrated DER system to the community grid users from 
commercial, residential to institutes. According to Basak et al. 
[2] onsite electrical production can reduce the electricity price 
by 25% at most which gives reliable service and reduce the 
line losses to 7%. However, adaptation and development have 
to be made on the switching mode, infrastructure components, 
quality control and protection [3]. Prosumer model and 
liberalized market, rather than DSO monopolies, need more 
regulatory and financial support. 
Information Technology and Communication (ICT) is an 
essential part of future control systems. Without any doubt, 
complex information technology and integrated 
communication networks need to enable the management and 
maintenance of future power grids. Successful grid 
management should be focused on current connectivity 
networks to reduce costs. The new trend in designing 
information systems is service-oriented architectures (SOA). 
Web service is described as a software framework designed to 
facilitate open source machine-to-machine communication 
system [4]. 
Furthermore, data between consortium nodes is not 
inherently homogeneous, as some blockchains require private 
transactions relating to information divergence. Data ledger 
structure is also the private or collective cooperative, a 
blockchain's database refers to a connected collection of 
blocks representing transactions often known as the ledger 
system. A hash value is the primary component of the validity 
of the blockchain and is determined by one-way hash function 
that links arbitrary size data to a fixed size non-invertible hash 
value. Fig 2 presents distributed ledger structure, blockchain is 
one component of a decentralized network that holds shared 
records. The database includes block records, instead of 
merging them into a single register. In sequential, each new 
block is added to the preceding block using a hash algorithm 
which effectively makes it impossible to modify the details. 
This mechanism requires blockchains to be used as ledgers 
and someone with the necessary permissions will access and 
confirm. It may spread these decentralized ledgers across 
several locations, governments or organizations. 
A blockchain can submit data to each other directly that 
links the users and along with their data structure together. 
Members join the network through their application node to 
blockchain. A node checks the validity of the blocks by 
evaluating all of the hashes while accessing the database for 
the first instance and continues checking each new block. 
Cryptographic asymmetric key pair determines the identity of 
a member. This extracts the cryptographic key to access the 
unique address, which serves as the user identifier. The private 
key has been used to sign documents and to ensure their 
validity in which other members must use the valid public key 
to validate the signature. A node hereby submits a request to 
the network for a transaction to link data to the database. For 
any implementation, a transaction's primary data fields are the 
recipient and receiver addresses, the data values being 
exchanged, and the sender's signature. Then, the requests for 
the trades are provided by multiple different nodes named 
miners, who are often referred to on consortium blockchains 
as block generators or validators. 
 
Figure 2.  Simplified linked block with hash position. 
  
It must recognize and resolve the key motivating concerns 
and possibilities within the energy sector of blockchain 
technology mistreatment and disseminate these approaches 
around the market in order to have a significant and enduring 
financial and social impact. For instance, a distributed 
database system could be used to verify the data, the source of 
energy consumption, thereby ensuring that it is safe for the 
environment. It can also be used to exchange electricity from 
LO3 Electricity in Brooklyn at electricity grid level, between 
local suppliers and customers. More savings can be conceived 
in the household, where appliances can schedule their energy 
consumption to minimize costs and exchange data efficiently 
between them [5]. 
A study Oh et al. shows the deployment of a fully 
decentralized, blockchain based powered energy trading 
network across the establishment of consumer, seller and 
server nodes as well as database [6]. The program allows 
purchaser / seller sales data to consumers and promotes the 
transaction of power through smart contracts. That is to note, 
the basic operating model of the console is designed to 
optimize the process for the transaction. Then authorized 
transaction records are stated in and shared in a public ledger. 
Within a blockchain, multichain will identify and use two or 
three properties, so it may be power and money trading. 
B. Solar PV Generation and Prediction by AI 
AIT has the potential for photovoltaic power generation 
which will help balance the load and reduce the electricity bill 
anyhow. According to Global Solar Atlas, power generation 
can reach to 4.018 kWh/kWp per day. Additionally, two 
prosumer buildings with rooftop solar panels, AIT Library 
building and AIT Energy building, are only used to implement 
in this research study though the campus has other renewable 
energy producer and prosumer. The production by the energy 
building and the library were 87,62.63 kWh 64,550.7 kWh 
individually in 2019. The impact of artificial intelligence on 
the energy paradigm of the prosumer consortium has had a 
significant effect on the decentralized structure, rather than 
centralized control, where solar energy production forecasting, 
load demand forecasting, and electricity price forecasting. It 
leads the day ahead or an hour ahead to estimate demand and 
power supply, increasing production prices and as well as the 
lowest point to the highest level of energy bill [7]. 
Santofimia-Romero et al. [8] states that the main feature of 
the smart grid is the need for actual time sharing of 
information, which will be focused on some kind of 
connectivity network that can facilitate the convergence of 
distributed and diverse systems. Artificial Neural Network 
(ANN) consists of simulation of biological neural network 
activities. In this way, a neural network contains a set of 
entangled nodes that are impartial processing units that have 
two weights, an input as well as a weight associated with it. 
Most recognizable aspect of the neural networks is that they 
can be taught to recognize certain patterns of data, rather than 
being programmed to perform certain tasks. The analysis has 
shown that ANN provides the conventional regression method 
with a successful outcome. Due to the extremely non-linear 
nature of the relationship between radiation and other 
meteorological data, ANN can be a reasonable prediction 
method [9]. Significant algorithmic change that greatly 
improved the feedforward network performance was the 
replacement of concealed sigmoid function with piecewise 
linear units, such as rectified linear units [10].  
II. METHODOLOGY 
A. Prosumer Models and Market Mechanism 
The energy market is simulated in MATLAB Simulink 
based on the real data of solar power generation and 
consumption of AIT Library and AIT Energy building. The 
power output of solar generation can be simulated randomly, 
however, in this study, real data is applied to simulate the solar 
power generation. Generally, as in Fig 4, the surplus power 
produced by solar generation of AIT Library nodes is not 
expected to satisfy to trade, However, the surplus power 
generation at AIT Energy building is around 5 kW maximum 
which is enough data to make power trading to AIT Library 
building as illustrated in Fig 3. The installed capacity of solar 
generation at AIT Library building is 60 kW, and solar 
generation capacity at AIT Energy building was from 4.2 kW 
before October 2019 and now 12.0 kW after increased in 
capacity.  
 
 
Figure 3.  Solar power generation (blue), consumption (orange) and surplus 
power (green) of AIT Energy building. 
 
 
Figure 4.  Solar power generation (cyan), consumption (violet) and surplus 
power (yellow) of AIT Library building. 
The simulation contains imported generation and 
consumption from the actual data. Each node has minor 
controllers and one central controller. Solar generation data of 
both prosumer nodes are imported from the real data and to 
both consumption data. Algorithm 1 is implemented at the 
solar power generation and prosumer's consumption, which 
can perform the detection of surplus power left after the 
consumption of prosumer itself. Algorithm 2 performs the  
  
where, 
demand 
 
Power demand by prosumer itself. 
Pgrid / grid Feed in power by main grid. 
Pgen Power generation from solar PV. 
Genleft / surplus 
Surplus power after the consumption of 
prosumer itself. 
P_ET 
Surplus power input by Energy building 
(AIT ET). 
P_Lib 
Surplus power input by Library 
building (AIT Lib). 
DemandbyET Demand data output by user input. 
DemandbyLib Demand data output by user input. 
Surplus_Lib Surplus power after demand input. 
Surplus_ET  Surplus power after demand input. 
ET_demand Demand data input by Energy building. 
Lib_demand Demand data input by Library building. 
 
energy transfer and deduction of energy from surplus energy 
that was detected by algorithm 1. 
 
Figure 5.  Diagram of MATLAB simulation structure for energy trading. 
 
Architecture of energy trading simulation in MATLAB 
can be stated in Fig 5. As it is mentioned in earlier, the 
capacity of solar PV generation is increased, and its final 
generation and the estimated consumption data will be  
performed as in algorithm 1 and the output signal will be 
continued to algorithm 2 to start a transaction. Then deducted 
energy by buyer and remaining energy will then be displayed 
to nodes as output again. 
B. Blockchain Mechanism in the System 
Blockchain system of this study is created in MATLAB 
environment with basic and simple method. The blockchain 
application in the MATLAB is implemented in each prosumer 
node of the system, therefore, a single computer is used to 
create the blockchain transition of both nodes successfully. 
The overview concept of the blockchain connection in AIT 
library and AIT energy building is explained in Fig 6. The 
function code that follows smart contract is being deployed in 
order to trade by using token per unit.  
Blockchain connection is established between AIT Library 
and Energy Building as localhost connection. Both two nodes 
have each blockchain application and displayed command 
window. Blockchain application is created in MATLAB with 
graphical user interface (GUI). The callback functions in GUI 
for performing the transaction is embedded in MATLAB .m 
file. The general blockchain framework is the reference from 
MATLAB community. Layout and command in GUI of each 
prosumer node is shown in Fig 7. GUI presents MATLAB 
code to function the blockchain transaction and token transfer. 
Each GUI is separated by different command window and 
MATLAB. 
 
Figure 6.  Overview linking of two prosumer nodes with blockchain 
application and energy market. 
 
  
 
Figure 7.  Layout of blockchain GUI in two prosumer nodes - AIT Energy 
building (left) and AIT Library building (right). 
An advanced contract for each node is implemented and 
adapted by smart contract from ERC-20 Token Standard in 
Ethereum improvement. However, none of cryptocurrencies 
were used to trade in the system, and it will be used as simple 
digital token system which follows the regulation of the 
advanced contract. This allows us to transfer and approve 
tokens wallets to decentralized exchanges. 
Since a single computer is used as mentioned, it is required 
to start two separate MATALB software. MATLAB function 
code and files for both prosumer nodes are kept in different 
directories as well as smart contract and virtual wallet. The 
following processes allow completing nodes establishment 
and transaction between two prosumer nodes – 
• Initiate the process by click Start to the 
application from AIT library and Energy 
building individually. 
• Localhost connection is used to connect local 
port and remote port and they were assigned to 
AIT library and Energy building  respectively. 
• Perform Add Client after the selection is made. 
The confirmation will appear in command 
windows of both nodes.  
• Token balance must be check before making any 
transaction. Only with enough balance can start 
the transaction, otherwise, the process will be 
terminated. 
• Meanwhile the worth of each power unit is one 
token, the required unit can be requested in the 
GUI. Sufficient Surplus power can only 
complete the transaction. The mining process 
will be initiated by click Mine Block. 
• After the mining at a node, messages will be 
announced in both nodes.  This allows the 
transfer of requested power unit from seller to 
buyer. Then the transmitted block, can be view 
by from command windows of both prosumer 
nodes. Both nodes can send the token to and 
from.  
Each block creation can take seconds to issue index, 
timestamp of block creation, transfer credit data, nonce, own 
hash string and previous hash string. The first block is called 
“The origin” and it is the very initial creation of blockchain 
system. Current hash value is generated based on the 
combination of index values to previous hash value. The 
mining process will start once both nodes are sufficient to 
trade and make agreement. Tokens from buyer will send to the 
seller balance once the block is successfully created and 
announce to every connected nodes. The requested power will 
transfer to the buyer network after the seller receives the 
respected tokens. Then it will make a complete energy 
transition by simple blockchain system. 
C. Data structure and Neural Network Training 
Multi-layer feedforward neural network (MLFF) has 
neurons which are grouped into layers to form multiple layers, 
in much each layer has connection. It generally consists of 
three types of layers -the input layer, the output layer and the 
hidden layers. One of the approaches to use as activation 
function is the rectified linear activation function (ReLU) 
which rectified for hidden layers. ReLU implementation can 
reasonably be considered one of the benchmarks in the deep 
learning. The rectified linear activation function is a simple 
equation which simply returns the given input as input [11]. 
Based on the inputs, every synapse has its own weight which 
determines the degree of performance of a neuron [12]. 
The rectified linear activation function of the neurons 
inside hidden layers is used in (1). The notation of x defines 
the input of ith unit, the value of weight - w in ith and jth unit. 
The value after a hidden layer can be stated as u. 
Subsequently, the values of after activation function with 
hidden layers can be denoted in (2). Besides θ shows the bias 
value. The output layer can be seen in (2), where y is output 
value with respect to kth unit, and the architecture of the neural 
network can be seen in Fig 8. 
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(2) 
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Figure 8.  Architecture of MLFF Neural Network. 
Input parameters which will be used to train the model 
such as solar irradiance, air temperature, relative humidity, 
and rainfall are summarized. Input parameters to train the 
neural network can be defined as – 
x1 - Solar irradiance (W/m2) 
x2 - Average air temperature (°C) 
x3 - Average relative humidity (%) 
x4 - Average rainfall (mm) 
 
Prediction of Solar generation of AIT Library and AIT 
Energy building will be trained by Neural Network by Python 
and simple linear regression analysis. The solar power 
generation highly depends on solar irradiance, air temperature, 
rainfall and humidity percentage. Generally, the overview 
methodology for solar power generation is presented in Fig 
10, which starts from data collection to data analysis. The raw 
data were obtained from AIT Water Engineering Department 
and AIT Energy Department Laboratory. However, the 
meteorological data, to train the network is mentioned in Fig 
11 which has daily data and the data were measured at the 
same location at AIT, therefore it does not have any 
differences for both buildings even though it is parted, shown 
in Fig 9. 
 
Figure 9.  Location and distance between AIT Library and Energy building. 
 
Preparation of neural network training initiates with data 
collection which includes raw data. The raw data has to be 
rearranged in order to satisfy the data processing for training. 
In this case, prepared datasets are separated into three 
scenarios, shown in Table I. After that, the neural network 
structure is configured from creating hidden layers with 
different weight ratios. 
 
 
Figure 10.  Overview flowchart of Neural Network training for Solar power 
generation. 
 
 
TABLE I.  TOTAL DATASETS OF EACH TRAINING SCENARIO 
 
 
 
 
 
Figure 11.  Prediction timeline of AIT Energy building and AIT Energy 
building. 
 
The structure of neural network to train the model can be 
specified as Fig 12. The input parameters and hidden layers 
are scaled. The model includes three dense hidden layers with 
nodes inside of 256, 128 and 64 respectively and the weights 
are distributed. However, the input data will be solar 
irradiance, average air temperature, average relative humidity 
and rainfall due to the correlation and accuracy of model 
training instead of using every metrological data. Adaptive 
learning rate method, which is Adam optimizer is used to 
train the model of individual learning rate for different 
parameters. The optimizer provides better results on accuracy 
than other optimizers. Datasets for every model are split into 
80% to train and validation for 20%, additionally, testing 
dataset is 100%. In here, ReLU activation function is used to 
  
train the model since it has simple computation to perform 
the training and the output is continuous linear function. It 
identifies every positive value and makes zero to negative 
values. 
 
 
 
Figure 12.  Layers of Neural Network of the trained model. 
III. RESULTS AND DISCUSSIONS 
A. Energy Trading at Prosumer Nodes 
The simulation is performed based on the actual data of at 
AIT Energy and Library building. Each trading was made 
during the surplus hours of the solar generation by both nodes, 
and the tokens are transferred to merchant's account. Mining 
time will be approximately forty seconds per block. The 
consumption is raised to 35.5 kW starts from around 7:00:00 
AM and decreased back around 22:00:00 PM. The solar 
generation data and consumption is based on the actual data of 
9 October 2019. The demand request had been made 
randomly and the simulation time is same as the real-time.  
Forty-five transactions were created for a whole day period 
from 09:03:46 to 15:53:02. As for the profile of AIT Energy 
Building, the peak consumption is approximately 2.7 kW and 
the solar generation can be reached to nearly 8 kW. Therefore, 
the surplus is around 5 kW and the behaviours of electricity 
trading power from AIT Energy building to the library 
building is presented shown in Fig 13  with transferred power 
to AIT Library building and net surplus power at AIT Energy 
building. Simulated information of each block includes index, 
timestamp, transferred token and hash value is stated in Table 
IV. Automatic buying and selling are not considered in this 
research study, therefore, both nodes have to request and 
approve the transaction manually.  
B. Analyzed Prediction Data on Solar PV Generation by 
MLFF Neural Network 
The minute ahead prediction had implemented by every 
five minutes intervals of power trading duration period which 
is 9 October 2019. The same input parameters for every five 
minutes started from 00:00:00 to 23:45:00 and similar MLFF 
model architecture is used to train, therefore, the total steps are 
286 with four input parameters. Three epochs (epoch 800, 
1000, and 5000) are used to train to find the best accurate 
prediction result for AIT Energy building and AIT Library 
building. 
 
 
Figure 13.  Demand power by AIT Library building (green) and net surplus 
solar energy of AIT ET building (yellow). 
TABLE II.  STATISTICAL RESULT OF MINUTE AHEAD PREDICTION MODEL 
FOR AIT LIBRARY BUILDING. 
 
TABLE III.  STATISTICAL RESULT OF MINUTE AHEAD PREDICTION MODEL 
FOR AIT ENERGY BUILDING. 
 
 
According to Table II, the evaluations have significant 
values, which are nearly zero, thus training models can be 
accepted. Additionally, the accuracy and R2 show the most 
accurate training scenario – epoch 5000 > epoch 1000 > 
epoch 800. Furthermore, based on the training result for AIT 
Energy building, epoch 5000 has the positive solution. The 
statistical result for training result of AIT Energy building is 
stated in Table III.   
 
 
 
 
  
TABLE IV.  TRANSACTION RECORD ON BLOCKCHAIN-BASED POWER TRADING.
 
TABLE V.  EVALUATION OF EFFECTIVE MODELS IN THREE DIFFERENT EPOCHS. 
 
 
Based on the statistical result, the most accurate training 
results are selected to describe the comparison of actual data 
and predicted data for both AIT Library and Energy building.  
Therefore, epoch 5000 scenario is used that has most accurate 
result and shown in Fig 14 and Fig 15 respectively for both  
 
 
buildings. Output time range is between 0:00:00 to 23:45:00, 
however, the visualization presents the time frame of solar 
generation duration. During the period of power trading, the 
practice of minute ahead prediction can be utilized, therefore 
not only seller but also buyer can straightforwardly know the 
upcoming generation. The output of prediction value sets by 
 
  
training on Neural Network for AIT Energy building is from 
May 1, 2018 to December 23, 2019 and for AIT Library 
building is from January 1, 2019 to December 23, 2019. 
Comparison of observed values and predicted values for AIT 
Energy building with three scenarios. 
 
 
 
Figure 14.  Comparison of actual data and minute ahead prediction of one-
day solar generation at AIT Energy building. 
 
 
 
Figure 15.  Comparison of actual data and minute ahead prediction of solar 
generation at AIT Library building during trading day. 
 
Consequently, the loss and accuracy result of both nodes, 
which are the energy building and the library building, in 
three different epochs are stated in Table V, by means of 
MSE, MAFE, RMSE, accuracy, and coefficient of variation 
(R2). In the case of AIT Energy building, from the point of 
view of accuracy that is between actual data and predicted 
data, consequently, 93.80% > 92.83% > 92.43% which means 
epoch 5000 > 1000 > 800. Coefficient of variation shows the 
same result - 95.97% > 94.8% > 90.12%, which means 
prediction values at epoch 5000 has the highest accuracy than 
epoch 1000 and 800. The accuracy of the training result of 
AIT library building can be stated as 95.53% > 93.62% > 
90.99% and for R2 - 73.78% > 66.21% > 66.21%. Therefore, 
one of the best epochs is 800 with the highest accuracy value 
than the others. 
IV. CONCLUSIONS 
This research shows the simulation of simple blockchain 
based prosumer consortium model without injection of any 
cryptocurrency and web service in the blockchain system. 
This market simulation can be based on the generation of the 
equation of solar PV generation, however, observed data 
were used to imitate to simulate in this study. Virtual tokens 
are stored in text file to create simple token transfer and it 
will access via directory system. The hash environment 
performs as Cryptography.SHA256Managed and output in 
“char” format. Communication between two nodes is 
managed by MATLAB control toolbox “udp” messaging 
system. It takes significantly minutes to establish the 
blockchain since the market model is running parallel in 
MATLAB as well. For future ahead prediction, reliable and 
best accurate meteorological data is necessary to insert and 
train on it. Moreover, forecasting of load consumption of both 
buildings can be achieved based on the same model in order 
to understand the balance between required power and 
surplus power. Applying relevant approach of AI in the 
community grid system; determine the load over time based 
on geographic location (demand), set performance function 
(cost, reliability and efficiency), determine investment cost 
and losses, design the capacity sizing, dispatching and 
generator allocation by neural network, implement the 
training of neural network with real-life problem and 
generated microgrid plan with trained neural network. 
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